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Abstract In the last decade, the prediction of protein secondary
structure has been optimized using essentially one and the same
assignment scheme known as DSSP. We present here a different
scheme, which is more predictable. This scheme predicts directly
the hydrogen bonds, which stabilize the secondary structures.
Single sequence prediction of the new three category assignment
gives an overall prediction improvement of 3.1% and 5.1%
compared to the DSSP assignment and schemes where the helix
category consists of K-helix and 310-helix, respectively. These
results were achieved using a standard feed-forward neural
network with one hidden layer on a data set identical to the one
used in earlier work. ß 2001 Federation of European Biochem-
ical Societies. Published by Elsevier Science B.V. All rights
reserved.
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1. Introduction
Up until now most protein secondary prediction setups
have used the assignment scheme developed in the seminal
work of Kabsch and Sander [1] known as DSSP (Dictionary
of Secondary Structure of Proteins). The DSSP program con-
verts atomic coordinates, as determined by X-ray crystallog-
raphy or nuclear magnetic resonance, into backbone hydrogen
bonds between donors and acceptors, and transforms subse-
quently repetitive bonding patterns into categories of helices,
sheets and turns.
Pauling et al. predicted in 1951 the idealized protein sec-
ondary structures: K-helices [2] and L-sheets [3], based on the
conformations of intra-backbone hydrogen bonds. In natural
proteins, around 68% of the protein hydrogen bonds are in-
tra-backbone hydrogen bonds [4], the rest being side-chain^
backbone and inter-side-chain bonds, which do not form a
basis apt for secondary structure de¢nitions. The energy
stored in a good hydrogen bond is approximately 2 kcal/
mol, exceeding by a factor of 10 the van der Waals energy
[5], which means that the energies stored in hydrogen bond
interactions are dominant at the secondary structure level,
except for S^S bridges.
The conventional strategies towards prediction are not de-
signed to exploit directly the systematics in the recognition
between hydrogen donors and acceptors, but are designed to
approximate the mapping between sequence space and a set of
visually appealing structural categories. Each structural cate-
gory of protein secondary structure is assigned consecutively
to the linear sequence. This means that amino acid residues
are assigned to a particular category even if they are not
involved in maintaining the structure by backbone hydrogen
bonds. In order to maximize the predictability of the assign-
ment scheme it is essential not to contaminate a category with
examples not sharing the prevailing and common character-
istics at the sequence level of a given structural class, which we
will show is the case for the visually appealing structural cat-
egories assigned by DSSP.
2. Materials and methods
2.1. Neural network algorithm and performance evaluation
A standard three layer feed-forward neural network has been em-
ployed for structure prediction [6,7] (Ninput = 13U21; Nhidden = 20;
Noutput = 3) to verify the importance of predicting the hydrogen bonds.
The amino acids were sparsely encoded and represented by binary
strings of 21 bits, i.e. 20 bits for the amino acid type and 1 bit to
specify N- and C-terminal ends. An input window of 13 amino acids
was found to give optimal performance with the hydrogen bond pre-
diction scheme, which is identical to the optimal window size when
predicting the DSSP assignments [8]. Seven-fold cross-validation has
been performed in the prediction performance measurements. During
training all categories were presented equally often, termed balanced
training.
2.2. Sequence data
As usual in comparisons of prediction schemes a set of proteins
with sequence similarity below 25% was constructed from the entries
in PDB. This set is identical to the classical one used by other groups
[8,9], having 23 345 amino acids in 126 proteins or protein chains. It
contains 30 anomalies such as chain breaks, GLX amino acids, etc.
2.3. Information content
To investigate characteristics at the sequence level we used a ¢rst
order correlation analysis tool as quanti¢ed by the Kullback^Leibler
information on a selected set of aligned sequence windows. The Kull-
back^Leibler information is de¢ned as
Ii  3
X
k
pik log2
pik
p0k
 
where k runs over the amino acid alphabet, pik is the propensity for
amino acid k at position i in a multiple alignment of sequence seg-
ments, and p
0
k is the background propensities for the data set. This
signal to noise ratio analysis can be visualized using sequence logos of
the amino acids [10]. The logos are shown with a window of size 13,
which is the window size used in the optimal neural networks. The
height at each sequence position is proportional to the information
content at that position.
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2.4. Correlation coe⁄cient
As a consequence of the imbalance between the categories of sec-
ondary structure, mere percentages of correctly predicted window
con¢gurations can be bad indicators of predictive performance. An
alternative measure which takes the relation between correctly pre-
dicted positives (TP) and negatives (TN) as well as false positives
(FP) and negatives (FN) into account is Matthews correlation coef-
¢cient [11],
Ccat  TPWTN3FPWFNTP FPTP FNTN FPTN FNp 1
where the positive category is either K-helix, L-sheet or coil.
2.5. Hydrogen bond
The hydrogen bond de¢nition used is the Coulomb energy (see Fig.
1) implemented in DSSP:
E  f N N 3 1
rNO
 1
rHC0
3
1
rHO
3
1
rNC0
 
2
where f = 332 Aî kcal e32 mol31 is the dimensional factor and N N 3
are the polar charges given in elementary charges e. A cut-o¡ level has
been set for the weakest acceptable H bond at E630.5 kcal/mol in
DSSP.
3. Results
The aim was to make a new ‘clean’ hydrogen bond follow-
ing scheme, and compare it to the conventional three category
DSSP scheme using exactly the same cross-validation ap-
proach and data as previous studies [8].
3.1. Assigning the structural elements
In order to apply Paulings idealized de¢nitions on structur-
al data further speci¢cations are needed. The backbone hy-
drogen bonds sustaining an K-helix connect amino acid i with
the amino acid four positions down (acceptor) and/or up (do-
nor) in the protein sequence. This gives us two hydrogen
bonding categories for K-helices, i.e. acceptors and donors.
By inspecting a logo of the i346i category (see Fig. 2a) it
is directly seen that the information peaks at the donor posi-
tion, making us choose to predict this category. In the i346i
category (II4), it is not clear, a priori, what the requirement
should be. We have tested three de¢nitions having just one,
two and three consecutive i346i hydrogen bonds as a mini-
mum requirement to end an K-helix, by making a neural net-
work prediction of each of them. The neural network with the
best performing de¢nition had two consecutive i346i hydro-
gen bonds in its K-helix de¢nition which is in agreement with
Kabsch and Sander’s de¢nition in DSSP.
We expected the single i346i hydrogen bonds to contain a
weaker sequence-to-structure signal, because they can be ob-
tained by a simple turn of the backbone, which is not related
to a helix (e.g. hairpin turns or some L-turns). Initiating the K-
helix with two instead of three hydrogen bonds is harder to
explain. The K-helix length distribution is bell shaped except
for length 4 helices, which are observed excessively often
[12,13]. These short helices contain only two successive
i346i hydrogen bonds, but are probably a mixture of nor-
mal helices (with a standard sequence-to-structure signal) and
random double turns. The optimality of the two bond de¢ni-
tion indicates that the cost would be too high if these short
helices were categorized as coil.
The II4 category is not a sub-category of the DSSP ‘H’,
since in the C-terminal the II4 category ends one residue after
the ‘H’ assignment and only hydrogen bonding amino acids
are included in the II4 category. Every amino acid in an ideal
(fully hydrogen bonded) K-helix longer than ¢ve residues has
iCi+4 and/or i346i hydrogen bonds, but not all K-helices
are ideal. This means that disruptions in the hydrogen bond-Fig. 1. The distances used to calculate the Coulomb H bond.
Fig. 2. Kullback^Leibler information content in 13 amino acid win-
dows. a: Amino acids having i346i hydrogen bonds forming K-
helices at position 0. b: DSSP ‘H’ assigned amino acids at position
0. The signal in panel a is stronger than that in panel b, and the
top is centered over the assigned amino acid, showing that the ¢rst
order correlations are higher and that the most correlated amino
acid with regard to the assignment is the one assigned. The logos
are basically in accordance with other statistical analyses [21], e.g.
showing the well known fact that alanine and leucine occur at a
markedly higher rate in K-helices.
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ing pattern inside a helix are ignored for the ‘H’ assignment in
DSSP (see Fig. 3). It is therefore clear that the II4 assignment
can be converted into the DSSP ‘H’ assignment, but not back
again.
Corresponding to the DSSP ‘G’ (310) and ‘I’ (Z) helices,
other categories, II3 and II5, containing residues having
iCi+3(i+5) hydrogen bonds may be de¢ned. In earlier work
‘G’ and ‘H’ were most often merged into one category all
together, which has contaminated the common characteristics
seen in K-helices. They are in fact distinct types: the 310-heli-
ces are short having an average length of approximately 3.5
amino acids (using the DSSP assignment scheme) and consti-
tute approximately 12% of the helix class; the K-helices have
an average length of approximately 11 amino acids and con-
stitute almost all the remaining 88%. A comparison of the
logos for 310- (Fig. 4) and K-helices (Fig. 2b) shows that
they are distinct, which explains why the signal in a mixed
helix category is much harder to predict than that of K-helices.
This has also been shown previously [14].
Predicting the actual hydrogen bonds instead of a visually
appealing category can also be done for L-sheets. We have
tried two options: one, where amino acids are required to
have two hydrogen bonds in the sheet structure (E-hard)
and a second one also including amino acids having one
bond only in the sheet (E-med). The two distinct types of L-
sheets, parallel and anti-parallel, have di¡erent bonding pat-
terns, but the above stated de¢nitions can be applied to both.
Disruptions in L-sheets (L-bulges) are of some concern as they
occur for approximately 4% of the amino acids assigned ‘E’
by DSSP and on average in approximately 15% of the DSSP
assigned sheets. The latter amino acids will not be assigned as
sheet in the hydrogen bonding scheme applied here, since they
do not have hydrogen bonds in the L-sheet conformation.
However, this assignment method is distinct from and not
convertible into the one used in DSSP.
The neural network is trained to predict the hydrogen
bonding scheme described above, but before the prediction
performance is calculated we performed simple post-process-
ing, for reasons of comparison. For K-helix prediction, single
i346i predictions were removed and the rest converted into
the conventional ‘H’ assignment scheme. For L-sheet predic-
tion gaps between two assignments were ¢lled out (i.e.
E-ECEEE). A similar post-processing was performed on pre-
dictions of the DSSP assignments, i.e. lone assignments re-
moved and holes patched.
3.2. Statistical comparison
To see how often non-hydrogen bonding amino acids are
assigned to a structure in proteins, we made some statistics on
the data set. The conventional ‘H’ assignment of K-helices by
Fig. 3. This example shows two amino acids (#325 and #326), which have been assigned ‘H’ by DSSP, but without hydrogen bonds in the he-
lix. On the left is a view of the backbone structure and hydrogen bonds, and on the right a cut-out of the corresponding DSSP assignments
(s indicates a iCi+(3 or 4) hydrogen bond, 6 indicates an i3(3 or 4)6i hydrogen bond and X indicates both). The protein shown has the
PDB name 8adh.
Fig. 4. The Kullback^Leibler information logo of (a) i336i hydro-
gen bonds forming 310-helices and (b) DSSP ‘G’ 310-helices is shown
here. The amino acid distribution is seen to be dominated by pro-
line (P) in the beginning of the helix (position 32, 31) and aspartic
acid (D) closer towards the helix center, which is quite di¡erent
from the amino acid distributions in K-helices (see Fig. 2).
FEBS 25307 11-10-01 Cyaan Magenta Geel Zwart
C.A. Andersen et al./FEBS Letters 507 (2001) 6^108
DSSP contains approximately 20% residues without hydrogen
bonds from residues iCi+4 and/or i346i. For the L-sheet
category, residues without one or two hydrogen bonds in the
sheet amount to approximately 33% of the DSSP ‘E’ category
due to the composition of single strands and the occurrence of
L-bulges.
The randomness in the conventional ‘H’ helix logos as-
signed by the DSSP program is much higher than the corre-
sponding randomness in logos representing the context of
residues with i346i hydrogen bonds in the same helices
(see Fig. 2). In the ¢gure the information is seen to peak at
the amino acids having i346i hydrogen bonds.
3.3. Prediction performance
Table 1 shows that the best hydrogen bonding scheme mea-
sured by the correlation coe⁄cient (II4-E-hard) is superior to
the standard DSSP assignment (H-E-B) by 0.11 for the corre-
lation coe⁄cient sum and by 1.5% in Qtot3 scores. As the stan-
dard DSSP assignment (H-E-B) we used the DSSP ‘H’ assign-
ment for the helix category, even though others have mixed
the DSSP K-helix ‘H’ and 310-helix ‘G’ [9,15]. The ‘H’ assign-
ment is used to enable a fair comparison between the standard
assignment scheme and the one presented here, because the
inclusion of 310-helices signi¢cantly deteriorates the prediction
of the helix category. The standard L-sheet assignment in-
cludes both DSSP ‘E’ and ‘B-’ (but not ‘B-B’) in the sheet
category, which was used earlier [9,15].
We have used the hydrogen bond assignment in three var-
iants: one where both the K-helix and L-sheet category are
based on the hydrogen bonds (II4-E-hard, II4-E-med) and
another where only the K-helix category is based on the hy-
drogen bond scheme (II4-E-B). Our performances should be
compared with similar results, which do not make use of
pro¢le alignment techniques and jury networks, such as
RpS [15]. The latter does nevertheless not give a completely
fair comparison, since the helix category comprises both ‘G’
and ‘H’ helices. A fair comparison can be made between our
results and H-E-B. The II4-E-B is seen to raise the Q by 11%
compared to II4-E-hard, but gets a lower Qtot due to the
increase in wrong coil predictions (Qpcoil), since the coil cate-
gory is more than twice as large as the L-sheet category.
The prediction performance of Rost and Sander’s PHD [8]
secondary structure is also shown in Table 1, with and with-
out the use of sequence pro¢les (RpSpro, RpS). For compar-
ison we also list the results reported by Frishman and Argos
[16] (FpApro) and the performance obtained by Jones’
PSIpred method [17] (JonesXpro with extended pro¢les taken
from EVA [18]), which is similar to other recent results
[19,20]. The exploitation of evolutionary information in the
form of sequence pro¢les has raised the prediction perform-
ance by 5^10%.
4. Discussion and conclusion
By following the hydrogen bond scheme originally assigned
by Pauling we have included structurally important informa-
tion, which was otherwise ignored. The new assignment sche-
me’s primary success is the K-helix i346i hydrogen bond
assignment, which does not occlude the missing hydrogen
bonds in helices.
There are a number of ways of boosting the percentage
scores of the prediction of secondary structures such as em-
ploying jury networks, structure-to-structure nets and using
pro¢les from alignment techniques. We have chosen to focus
on a secondary structure de¢nition which assigns the helix and
sheet structures in a di¡erent way, which is impossible to
derive from the original DSSP output categories. This means
that a neural network given the DSSP assignment cannot
distinguish which amino acids have hydrogen bonds and
which have not. This should imply that our augmented per-
formance will propagate through the di¡erent optimization
techniques used and thus raise the ¢nal prediction results in
a full scale implementation.
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